Background
Introduction
Cholera transmission during an outbreak is known to occur via both 'short-' (for example, locallymediated via food or household water) [1] [2] [3] and 'long-cycles' (environmentally-mediated via natural or manmade water and sanitation systems) [4, 5] . Although long-cycle waterborne transmission is often considered the archetypical cholera transmission route [6, 7] , there is a growing interest in understanding the importance of short-cycle pathways [8] [9] [10] . Identifying the relative contributions of these different pathways has important public health implications for designing effective cholera interventions [11] , yet remains difficult to ascertain from epidemiological data alone [12] [13] [14] . The proportion of cases infected via long-cycle relative to short-cycle transmission is probably highly context dependent, but the difficulty in distinguishing between the relative contributions of each route means that little data exists for any individual context [15, 16] . The resulting uncertainty hinders planning of appropriate interventions. For example, spatially targeted interventions (e.g. targeted hygiene/sanitation or reactive vaccination programs) may be effective against short-cycle transmission [17] , but suboptimal against long-cycle transmission [18] .
To better characterize the relative importance of long-cycle vs short-cycle cholera transmission and mitigate parameter identifiability issues, high-resolution, high-quality epidemiological data can be augmented with data detailing the flow of drinking water in a specific setting. We use detailed data from an 1853 cholera outbreak in Copenhagen, Denmark as a case example. This outbreak has three key advantages from a modeling perspective: (1) this was likely an immunologically naive population as this was the first reported cholera outbreak in Copenhagen, (2) the outbreak was largely unmitigated by control measures as no effective treatments or interventions were implemented, and (3) historical datasets provide detailed information about the city's hydraulic network.
The water supply of Copenhagen was composed of a network of hollowed wooden treetrunks under low water-pressure, and thus vulnerable to outside contamination (S1 Fig). Additionally, there was no sewage system; rather, the street gutters functioned as light sewage drainage, with most human waste stored in unsealed cellars in each building and removed by night-men twice annually for use as fertilizer for food crops in nearby fields [19] . The piped drinking water was reported to be contaminated by seepage from these cesspools [20] , thus elevating the risk of drinking contaminated water for downstream users during the cholera epidemic. Most piped water was sourced from nearby (<1 km) semi-artificial lakes, while some public fountains were supplied from water sources >10 km upstream [21] .
Here, we use newly uncovered historical epidemiologic data from the 1853 epidemic along with modern statistical methods to investigate the relative contribution of short-cycle versus long-cycle transmission in a cholera outbreak. Fitting a time-series meta-population model to data from the 1853 cholera outbreak in Copenhagen, we characterize the spatio-temporal transmission dynamics and assess the signal of long-cycle environmentally-mediated transmission in the progression of the epidemic.
Methods

Data collection
Weekly cholera morbidity and mortality data for each city neighborhood and outlying communities were obtained from datasets compiled by contemporary physicians conducting active surveillance during the 1853 cholera epidemic in Copenhagen [22] . A corps of physicians traveled doorto-door to residences, hospitals ("sick-houses"), and "poor-houses" diagnosing and tabulating cases. Hospitalized cases were assigned to the neighborhood of residence, unless they were already in hospital prior to diagnosis, in which case they were geolocated to the hospital's address. Six of the 13 neighborhoods were aggregated into two neighborhoods labeled "Combined upper" (Nørre and Klaedebo) and "Combined lower" (Frimands, Strand, Snarens and Vester) due to low case counts and small geographic area. We excluded 621 (9%) cases that could not be geolocated, consisting of 122 (2%) cases from docked ships, and 499 (7%) from scattered outlying communities.
Cholera cases were defined as patients with rice-water diarrhea and evidence of severe dehydration [23] , making the historical diagnostic criteria stricter than the current WHO suspected cholera case definition [24] . Population size for each neighborhood was interpolated between the 1850 and 1855 census assuming a linear growth model. Population density was estimated for each neighborhood by georeferencing the neighborhoods using a Geographic Information System (GIS) and calculating area. Hydraulic data was digitized from a contemporary map [21] showing the layout and direction of flow of all water-pipes supplying drinking water for the city (Fig 1A) . We created a binary asymmetric transition matrix of hydraulic connectivity describing the flow of water between neighborhoods, and a binary symmetric matrix describing neighborhoods that share a border (as a proxy for sewage runoff and human connectivity) (S1 Table and S2 Table) . All GIS work was done in QGIS [25] .
Transmission models
To model the number of infectious people at each day, we fit a discrete time susceptibleinfected-recovered (SIR) model to imputed daily case data We used the basic model structure from Azman et al. [17] , with modifications as described below. In order to simulate daily case data (necessary because of the short generation interval for cholera), weekly cases were randomly reallocated to the seven days preceding the reported date. This reallocation was repeated 10 times to give 10 possible realizations of the epidemic. Each of the nine neighborhoods were considered as a discrete population. The model-predicted number of infected people in each neighborhood at each time-step was Poisson distributed where the mean was a function of the fraction susceptible in that neighborhood and a sum of the internal and external forces of infection.
We constructed a series of nested models in which the infection rate of susceptible individuals living in neighborhood i, or the force of infection, λ i , was the sum of an internal force of infection, β i , and an external force of infection from neighborhood j upon neighborhood i, α j,i (Fig 2) , such that: In order to estimate the effect of the water supply on the epidemic, we used two methods. First, we fit a linear regression model using the log of the median cross-neighborhood transmission coefficients (α j,i ) from model 3 (saturated model) as the outcome and tested whether the hydraulic-transition and geographic-proximity variables were significant predictors of between-neighborhood transmission at a significance level of 0.05 (S1 Text, S1 Table and S2  Table) . Second, we incorporated the hydraulic-connectivity and geographic-proximity matrices into model 2, producing models 2b and 2c, respectively. To assess the effect of hydraulic connectivity (model 2b), we allowed α j,i to vary depending on whether the neighborhoods were connected via water pipes, such that:
To incorporate geographic proximity (model 2c), we added an additional term if the neighborhoods shared a border. The resulting α j,i can be described as:
Parameter estimation was done using Markov chain Monte Carlo (MCMC) methods in JAGS 4.2.0 [26] in R 3.3.1 [27] . Each model was run once on each of the 10 possible realizations of the imputed daily epidemic data. We used four MCMC chains with a burn-in of 40,000 iterations and sampled the subsequent 60,000 iterations. Chain convergence was assessed with a potential scale reduction factor ðRÞ cutoff of 1.05 and a visual assessment of the trace plots. Posterior samples from all four chains and all 10 data realizations were pooled and summarized (S1 Text). Model preference was assessed using the average Watanabe-Akaike Information Criterion (WAIC); a difference of five in WAIC was considered significant, translating to a fold difference of e 5/2 = 12.2 in terms of posterior probability on the model state space [28] .
WAIC was chosen due to recent developments in this field suggesting WAIC is better able to capture the tradeoffs between model complexity and fit in a Bayesian framework than the more commonly used DIC [29, 30] . We validated our model by simulating the outbreak in each neighborhood. To do so, we selected a parameter set from the joint posterior distribution and then drew from the number of cases at the next time step from the appropriate Poisson distribution in each neighborhood. Point-wise prediction intervals were constructed by taking the 2.5 and 97.5 percentiles at each time-step. We then used the simulated data to refit the model parameters to test if the model could recapture the original parameter estimates.
To assess the heterogeneity of transmission efficiency by neighborhood, we calculated the internal reproductive number (R int ), the outflowing reproductive number (R out ), the inflowing reproductive number (R in ), and the total reproductive number (R tot ) within each neighborhood using the force of infection coefficients. The R int , R out , and R tot can be interpreted as the number of cases a single infectious case produces within its own neighborhood, in all other neighborhoods, and in the whole city respectively, while the R in represents the number of cases produced within one neighborhood by a single infectious case in the rest of the city.
Results
Overview
The epidemic began on June 12 with two reported cases in the Nyboder neighborhood among individuals working on (or in close contact with) ships. The epidemic soon spread to other neighborhoods (Fig 3A and 3B , S1 Dataset). The epidemic was declared over on October 1, although four cases were reported subsequently in October. A total of 7,173 cases were reported, of which 5,953 (83%) were community acquired and 1,220 (17%) were acquired in hospitals or poorhouses. A total of 4,717 died, resulting in a case fatality ratio (CFR) of 66%. The CFR among hospital/poor-house-acquired infections was 77%, as compared to 63% in community-acquired infections. A total of 6,552 cases (91%) occurred within the city walls and were included in this analysis.
The outbreak was spatially heterogeneous over the city, despite its small geographic size. Attack rates within the city walls ranged from 2.1 to 9.6 per 100, and the CFR ranged from 76% to 54% (Table 1 , Fig 1C and 1D) . The neighborhood attack rates were not associated with the neighborhood's population density as assessed by a linear regression (p = 0.99).
Model selection
Model selection carried out using WAIC (Table 2 ) indicated the best model allowed for asymmetric and heterogeneous transmission between neighborhoods (model 3); this heterogeneity could not be explained by hydraulic and geographic connectivity (model 2b and 2c). Similarly, the linear regression on the median of the cross-neighborhood transmission coefficients (α j,i ) (Fig 4) from the fully saturated model (model 3) provided no support that a hydraulic connection between neighborhoods was significantly associated with the force of transmission between neighborhoods, even after controlling for geographic proximity ( Table 3 ). The internal forces of transmission in each neighborhood were not strongly associated with the neighborhood's population density (p = 0.11).
Simulating epidemics
Using the fully saturated model (model 3), we simulated the outbreak in each neighborhood one day ahead, drawing a new parameter combination from the joint posterior distribution for Cholera: Thinking beyond the water-supply each simulation (Fig 5) . The R int ranged from 0.2 (0.0-0.5) in Østerto to 1.7 (1.5-1.8) in St. Annae Vester (Fig 6) . One of the nine neighborhoods (St. Annae Vester), had R int >1, meaning it could maintain epidemics without infections from outside; in three other neighborhoods (St. Annae Øster, Christianshavn and Nyboder), R int was above 1 but the credible interval spanned 1.0, and in all remaining neighborhoods the R int was below 1.0. To validate the model, we re-estimated the model parameters from the simulated data for each of the 10 epidemic realizations. In seven of the 10 realizations, the 95% CI estimated from the simulated data overlapped 95% CI fitted from the original data for all 83 parameters. In the remaining three realizations overlap occurred in 82, 81 and 80 parameters respectively.
Discussion
There is growing momentum towards re-thinking the dominance of long-cycle waterborne transmission in cholera outbreaks [31] . Using a spatially explicit metapopulation model, we captured the essential spatial-temporal dynamics of a major urban cholera epidemic in Copenhagen in 1853. Our analysis indicates that although transmission occurred between the different sections of the city, the data do not support an association between the trajectory of cases across neighborhoods and the flow of water/sewage from neighborhood to neighborhood. The lack of a signal of long-cycle transmission in the data, suggests the importance of short-cycle transmission.
The data do not match what would be expected for an epidemic primarily disseminated via long-cycle, waterborne transmission. There are three pieces of evidence for this: (1) we found the attack rates to be highly heterogeneous within the city despite all neighborhoods sharing common sources for drinking water and extensive water-pipe connections between the neighborhoods; (2) neighborhoods, such as Øster, Kjøbmager and Combined Lower, that were downstream of highly affected neighborhoods, such as St. Annae Vester and Nyboder, and (3) a model fit to the between-neighborhood transmission coefficients from the fully saturated model (model 3) did not show evidence that water-flow between neighborhoods was associated with the force of infection between neighborhoods.
The transmission heterogeneity seen in Copenhagen has been documented in other cholera outbreaks over a range of spatial scales [17, 32] and was unlikely to be confounded by socioeconomic status (SES). We suspect this because SES did not have a spatial structure at the city level; the rich and poor lived on the same city blocks with the rich living facing the streets and the poor inside interior courtyards [33] . Furthermore, population density was not associated with attack rate or the force of internal transmission. In terms of differential reporting, the relative uniformity of the case fatality ratio (Fig 1D) implies that all neighborhoods were similarly Cholera: Thinking beyond the water-supply Cholera: Thinking beyond the water-supply likely to report cases. This suggests that the transmission heterogeneity seen is a true phenomenon rather than an artifact of confounding. The lack of support for long-cycle waterborne transmission in the Copenhagen epidemic has important public health implications for responding to present-day cholera outbreaks. Our analysis indicates that interrupting transmission by interventions targeting the centralized drinking water system would likely have had little effect. Despite the historical nature of our data, the Copenhagen outbreak can be a proxy for contemporary resource-constrained settings where water infrastructure is poor. Our results corroborate other research, both in historical and contemporary settings, where short-cycle transmission was described as a critical element in certain epidemic settings [1, 10, 31, 34, 35] . Taken together we propose public health practitioners need to more thoroughly investigate alternative transmission routes when investigating Cholera: Thinking beyond the water-supply cholera outbreaks and planning interventions. A stronger focus on interrupting short-cycle transmission, including targeted reactive vaccination programs and sanitation and hygiene related interventions, could significantly reduce an epidemic's impact [36] [37] [38] .
There are several limitations to this analysis. Although we found no support for long-cycle transmission driving transmission between neighborhoods, our analysis could not rule out this transmission pathway entirely. Our results show some transmission did occur between neighborhoods, although it did not correlate with the piped water supply or neighborhood proximity (as a proxy for sewage run-off). Additionally, despite the high spatial-resolution of our data, long-cycle transmission within a single neighborhood is possible and would instead be captured by the within-neighborhood transmission coefficient (β i ). It is probable that the epidemic resulted from multiple disparate transmission routes, a hypothesis consistent with recent models of the Haitian outbreak [34, 39] . Our analysis could not investigate any specific alternative pathway, although contemporary reports of human waste used as fertilizer for food crops highlights one possible alternative route, which has been observed in other outbreaks as well [40] .
Additionally, the available incidence data did not have the ideal temporal resolution for the analysis; it was aggregated into weekly time-steps, yet the generation time for cholera is suspected to be closer to 3-5 days [41] . To address this limitation, we randomly redistributed the weekly cases over the preceding week, thereby propagating uncertainty in the relationship among weekly-aggregated cases in terms of who transmitted to whom. In regard to hydraulic data, our measure of hydraulic connectivity was reduced to a binary value and does not fully capture the gradations of neighborhood water connections.
Although we argue the 1853 Copenhagen outbreak was not driven by long-cycle transmission, it may have played a larger role in outbreaks in other settings, at least in their initial stages https://doi.org/10.1371/journal.pntd.0006103.g006 [5, [42] [43] [44] . In Haiti, for example, there is evidence that the initial outbreak, along with the continuing transmission, entailed significant long-cycle transmission based on hydrological transport of the pathogen [4, 35, 45, 46] . The factors determining which mode of transmission will dominate new epidemics are not understood, but perhaps consists of a combination of cultural and environmental factors. The ability to classify the dominant transmission mode early on in an epidemic will be key to enacting effective contagion control strategies.
Using a unique and highly detailed dataset, we have shown that that long-cycle, environmentally-mediated transmission is not a prerequisite for explosive, large-scale cholera outbreaks. While an exact quantification of each pathway's contribution remains difficult, our findings-taken together with previous research [10, 17, 31, 35, 36, 38] -suggest spatially-targeted cholera interventions, such as reactive vaccination and hygiene/sanitation programs, are important tools to combat epidemics with significant short-cycle transmission. Moreover, programs targeting long-cycle waterborne transmission may not be effective in all outbreak settings. 
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